Abstract
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151 trast with conventional models, in DRACULA both the demand and supply sub-models are 152 based on microsimulation and both evolve from day-to-day. In DRACULA, trip makers are indi-153 vidually represented and their daily route choices (demand) are made based on their past experi-154 ence and their perceived knowledge of the network conditions. Individual vehicles are then moved 155 through the network (supply) following their chosen routes according to rules governing car-fol-156 lowing, lane-changing and intersection control. The demand stage predicts the level of individual 157 demand for day n from a full population of potential drivers and the supply model for day n deter-158 mines the resulting travel conditions. The costs experienced by drivers are then re-entered into 159 their individual knowledge bases which in turn affect the demand model for day n + 1. The process 160 continues for a pre-specified number of days. The overall structure of the framework and the 161 interaction among its various sub-models are illustrated in Fig. 1 . 162 The framework combines a number of sub-models of traffic flow and driversÕ choices for a given 163 day with a day-to-day driver learning sub-model. In its most general form it has the following 164 structure although, as we shall discuss later, certain alternative methods or simplifications are pos-165 sible within most stages. [Supply variability] Select global network supply condition for day k prior to loading by some given probability laws to simulate effects such as weather and lighting conditions. Local variations in network conditions (such as road works, incidents occurring on the day) are also specified. Note that this process will not converge to a single equilibrium point but will continue to vary 211 from one day to the next. Instead, our objective is to determine the probability distribution of 212 individual day-to-day states, appealing to the theory of stochastic processes (Cascetta, 1989 Hu and Mahmassani (1997) , though generally with the day-to-day evolution represented 217 as a deterministic process, with the aim to converge to a fixed point. 218
Details of the functionality of steps 2-7 and step 9 are discussed in Section 3. Section 4 intro-219 duces the traffic microsimulation model used in step 8. 
222
In principle, the modelled population can include all the potential drivers in the study area. 223 Each individual member of this population has certain characteristics (such as household origin, 224 work place, car-ownership status, driving style, etc.) and a history file in which the accumulated 225 experience of previous choices and travel conditions encountered is stored. Equally the vehicle 226 they drive will have certain fixed characteristics such as vehicle size and engine type which do 227 not change from day-to-day. As far as feasible the distribution of characteristics should match 228 as closely as possible that of the area being modelled. 229
In practice, however, simplifications and compromises will need to be made. More pragmati-230 cally therefore we aim at generating a population whose trip making behaviour at the aggregate 231 day-to-day level matches the averages and variances observed in real life. In our applications, the 232 population is derived from an existing conventional trip matrix T ij from origin i to destination j. 233 We then assume (see also Section 3.2 below) that the day-to-day variability in the number of trips 234 may be described by a normal distribution whose mean is T ij and whose variance is b 
ij Þð truncated at zeroÞð 1Þ 239 We define our population of potential ij travellers to be T max ij , the pragmatic maximum number of 240 trips generated by Eq. (1). Although the maximum of Eq. (1) is effectively infinite, in practice we use:
243 By default, each driverÕs choice on the first day of travel is based on average free-flow travel times, 244 and for each link and turn the perception is unchanged until that link or turn is used by the indi-245 vidual. However the initial choices may also be specified to be those resulting from a previous The most obvious application of this is in a before-and-after study of a scheme, in 247 which the initialisation of the ÔafterÕ run is based on the final conditions of the ÔbeforeÕ run. Sim-248 ilarly, the initial histories of drivers-i.e. their remembered experiences on the network-may be 249 set to be their accumulated experiences in the previous run. 250
In addition to drivers, the modelled population also includes elements such as buses following 251 fixed routes, for which clearly route choice and a knowledge base are not issues. They will, how-252 ever, require their own appropriate vehicle characteristics. 253 3.2. Day-to-day demand
254
On any particular day within the evolution of the model each member of the population makes 255 a decision as to whether to travel or not. In principle the decision could-and should-be based 256 on the individual characteristics of that member of the population, so as to differentiate between 257 regular commuters and one-off shopping trips and to include elements of their knowledge base. In 258 practice a more pragmatic approach has been used whereby individual decisions are constrained 259 by the predicted daily trips for their particular origin-destination pair. 260
Thus for each origin i and destination j we: Note that clearly, any reference to driversÕ histories or choices made during the simulation re-266 lates to the fixed pool of potential travellers who keep their identification through the simulation, 267 rather than the day-to-day varying pool of individuals who actually make a journey through the 268 network.
269
A generalisation of this method is also permitted, in which different user classes are defined, 270 which differ only in their propensity to travel (representing, for example, shopping trips which 271 may be made less frequently than journey-to-work trips). 272 3.3. Departure time distribution
273
The choice of departure time within DRACULA may be handled in a number of different ways. 274 The default and simplest method is to randomly assign a desired departure time for each potential 275 driver in the modelled population according to some departure time profile. When drivers choose 276 to travel on day n they will depart at their desired departure time, independent of their experience 277 and route choice. The departure time profile could be flat or distributed probabilistically accord-278 ing to some user-specified distribution, for example, a step function over time slices. 279 A more complex departure time choice in response to travellersÕ experience has also been incor-280 porated within DRACULA whereby departure time selection takes place at the start of every day 281 based on a travellerÕs preferred arrival time and on the previous dayÕs experiences (anyone not 282 travelling on the previous day will keep the same preferred departure time). A simple continuous 283 adjustment is made for each individual m on each origin-destination movement i-j in turn, based 284 on that individualÕs: For example, a ijm could be randomly drawn at the start of the simulation from a specified time 290 profile as in the first method. 291
The difference between the desired and actual arrival time on day k is then:
294
The driver is assumed to (independently between days and from other drivers) be indifferent to 295 a lateness of e m t ðkÞ ijm , which is modelled as in proportion to the actual travel time. The proportion e m 296 for individual m is drawn from a uniform [0, e] distribution, where e is a user-defined maximum 297 lateness tolerance factor and an e m = 0 means zero tolerance to lateness. Hence, we define the per-298 ceived lateness as: 
313
By default, each driver travelling on a particular day chooses their minimum perceived gener-314 alised cost route based on the traditional concept of utility maximisation that underlies virtually 315 all current traffic assignment models. The key difference is in the concept of utility or cost which is 316 now an attribute that evolves and varies over days. At the start of any day, each individual forms 317 a perceived cost at a linear combination of relevant attributes (travel time, distance, generalised 318 cost, tools, etc.). For those attributes that are not static, primarily travel time, the travel time used 319 for each link is the one that emerges from the learning process described in Section 3.5 based on 320 that driverÕs individual history. 321 An alternative choice model implemented in DRACULA is the boundedly rational choice, based 322 on the work of Mahmassani and Jayakrishnan (1991) . This model assumes that drivers will use 323 the same (habit) route as on the last day in which they travelled, unless the cost of travel on 324 the minimum cost route is significantly better than that on their habit route. The threshold is that 325 a driver will use the same route unless: 
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328 where C p1 and C p2 are costs along the habit and the minimum cost routes respectively, g and s are 329 global parameters representing the relative and the absolute cost improvement required for a 330 route switch. 331
These rules are only intended as an example of the range of rules that could possibly be imple-332 mented in a flexible approach such as DRACULA. Alternative behavioural rules that could be 333 provided in the future include the concept of risk minimization, with drivers perceiving cost vari-334 ances as well as means. 335
The route choices are made and fixed before the trips start; drivers follow their chosen routes 336 through the network to their destinations and will not (within the current state of model develop-337 ment) make en-route diversion when, e.g., encountering congestion. 338 3.5. Learning
339
After each journey individuals use their experienced travel times on the links used on that jour-340 ney to update their perceived link travel times according to the following conditions: 341 (a) experiences more than M days old are forgotten; and 342 (b) the perceived travel cost is the average of (at most) the last N remembered experiences on that link. 344 345
Here M and N are global parameters set at the start of simulation, although their effect will be 346 specific to each individualÕs experience. It may reasonably be argued that these parameters should 347 be allowed to vary with the driver and/or trip type, and indeed this may be incorporated in the 348 framework described. 349
Generally, it is expected that N will be the main parameter affecting perceived cost; M is 350 intended mainly as a device for drivers to ultimately forget a single bad experience of a link which 351 may occur particularly in the atypical, initial warm-up days. Therefore, it is expected that N < M. The effect of day-to-day variability in network conditions is represented at two levels. The 354 global variability represents the effects of weather, daylight, etc., on the network. It is represented 355 in the model by a variable link cruise speed drawn from a normal distribution whose mean is V l 356 and whose variance is b 
l Þð truncated at a minimum speedÞð 8Þ 360 Local variability is in the form of incidents (e.g., breakdowns or road closures) which may occur 361 one day but not another. This is represented before loading by specifying the location and dura-362 tion of the incidents. 363
The global and local variabilities will affect the travel times of vehicles travelling on that day 364 (through the traffic simulation described in the next section), but not on the individualsÕ routes 365 and departure time choices. 
367
The traffic model in DRACULA is a microscopic simulation of the (pre-specified) individual 368 vehiclesÕ movements through the network. Drivers follow their pre-determined routes and 369 en-route encounter signals, queues and interact with other vehicles on the road. A large number 370 of such microscopic vehicle models have been developed in the past at varying levels of complexity 371 and network size (e.g. in some the network is effectively a single intersection)-see a review by 372 Algers et al. (1997) . An essential property of all such models is that the vehicles move in real-time 373 and their space-time trajectories are determined by, e.g., car-following and lane-changing models 374 and junction controls such as signals.
375
The traffic simulation model developed for DRACULA is based on fixed time increments; the 376 speeds and positions of individual vehicles are updated at an increment of 1 s. Spatially, the sim-377 ulation is continuous in that a vehicle can be positioned at any point along a link. The simulation 378 starts by loading the simulation parameters, network description including global and local var-379 iability and trip information (i.e. the demand and routes determined by the demand model). It 380 then runs through an iterative procedure at the pre-defined time increments, within which the 381 tasks in steps 8(a)-(f) described in Section 2 are performed. 
383
The network is represented by nodes, links and lanes. A node is either external, where traffic 384 enters or leaves the network, or an intersection. All major UK intersection types are modelled; 385 these include priority give way, traffic signal controlled intersections, roundabouts, and fully or 386 partially signalised roundabouts. A link is a directional roadway between two nodes and consists 387 of one or more lanes. A link is specified by its upstream and downstream nodes, cruise speed, 388 number of lanes, and turns permitted to other outbound links from the downstream node. Vehi-389 cles move in lanes and follow each other according to the car-following rules. They travel through 390 intersections along inter-lanes which are smoothed curves connecting the inbound and outbound 391 lanes. The crossing point of two inter-lanes is a conflict point. Various access restrictions such as 392 one-way streets and reserved lanes, and geometric designs such as flared approach to intersections 393 (where an approach is widened into separate turning lanes) are represented. 
395
Vehicles are individually characterised, including a technical description of the vehicle (vehicle 396 type, length, maximum acceleration and deceleration capability) and behaviour of the driver 397 (reaction time, stopping distance headway, acceptable time gap, desired speed, desired accelera-398 tion and deceleration). These characteristics are randomly sampled from truncated normal distri-399 butions representative of that type of vehicle: The car-following model represents the longitudinal interactions among vehicles in a single 422 stream of traffic. It calculates the following vehicleÕs speed and acceleration in response to stim-423 ulus from the preceding vehicle. Depending on the relative distance to the preceding vehicle, 424 the following vehicle is assumed to be in one of three different following regimes: free-moving, 425 normal following, or close-following. 426 When a vehicle is the leading vehicle in a platoon, or is long way away from its downstream 427 intersection, it is assumed that the vehicle can accelerate or decelerate freely in order to maintain 428 its desired speed. 429 When the space headway becomes shorter, the following vehicle will enter the normal following 430 regime and will take a controlled speed derived from a linear function of the relative speed and 431 distance to the preceding vehicle. When the space headway gets very small and the vehicle is de-432 scribed as in close-following regime, the driver will prepare to stop in case the preceding vehicle 433 brakes suddenly. A stopping distance based car-following model as proposed by Gipps (1981) 434 is used here to describe such close-following regime. The first three types are mandatory, i.e. the lane-changing has to be carried out by a certain 447 position on the current link, for example the location of the bus stop. The other types are 448 discretionary; whether such a discretionary lane-changing can be carried out depends on the 449 actual traffic conditions. For example, a vehicle would only change lane to gain speed if the speed 450 offered by the adjacent lane is significantly higher than that on their current lane. The threshold is 451 a behavioural variable that can be calibrated to the observed local behaviour. 452
Once a lane-changing desire is triggered and the target lane selected, a gap-acceptance model is 453 used to find the gaps in the target lane which are acceptable to the driver wishing to change lanes. 454 A variable critical gap is modelled to reflect the phenomenon of impatient drivers for whom the 455 critical gap decreases with each passing gap (e.g. Kimber, 1989; Taylor et al., 2000) . The stimulus 456 required to induce the decrease of critical gap is modelled as the time spent in searching for accept-457 able gaps. A minimum gap is used to set a lower boundary to the gap-reduction formulation. In the model, vehicles start to react to traffic controls (traffic signals or give way sign) at a 460 downstream intersection when they reach a certain distance d s to the intersection. d s is used to rep-461 resent both the physical sight distance to the intersection and the sensitivity of drivers to intersec-462 tion control. Only the lead vehicle in a platoon reacts to intersection control; the following 463 vehicles follow the preceding ones according to car-following rules until they become the lead 464 vehicle. 465 At traffic signal controlled intersections, the model tries to take into account some of the unsafe 466 driving behaviour such as adopting a smaller headway when passing through the green phase, 467 passing traffic signals at amber or even at the start of red. The right-turning (for drive on the left) 468 vehicles (the number of these vehicles is dependent on the size of the junction) who needs to give 469 way to opposing straight-ahead vehicles can wait into the middle of the junction for a gap to 470 cross. 471 For a give way intersection, the model uses a visibility parameter to represent the geometric 472 openness of a junction and to model the phenomenon whereby, instead of stopping by the stop 473 line, some drivers may even accelerate to join in or to cross the major flow if they can see the sit-474 uation on the major road. The critical gap decreases as the time a driver spent waiting for an 475 acceptable gap increases. 476
Unlike the common method of representing roundabouts as series of one-way links, the model 477 represents a roundabout as a single node with a circular link around it. Vehicles approach a 478 roundabout as though approaching a priority junction: get into the correct lane for its junction 479 turning and give way to circulating traffic on the circular link. A clear distinction is made between the performance of a network and costs associated with a 492 given demand . The performance of a network or a single link can be measured in 493 terms of vehicle-km and vehicle-hour travelled in a defined period. These are the engineering 494 descriptions of the performance of the link or a network at a given point in time or over a given 495 time period, and can be used to estimate the link or network equivalent of speed-flow relation-496 ships. The performance measures can be obtained by dividing the simulation period into a number 497 of equal performance periods and aggregating the parts of the vehicle trajectories within each 498 period. 499
The supply costs reflect the costs experienced by a driver using the network at a given level of 500 demand; they can be used to describe the way in which costs of using a network rise as demand-501 levels increase. Since any journey through a network will pass through a number of different traffic 502 states and the costs incurred will be affected by both the journey length and the route taken, as 503 well as by the impacts of other demands on the network both at that time and in earlier time peri-504 ods. In order to measure these costs, individual vehicles need to be tracked through the network 505 and their origin-destination trajectories summarised. The summation can be done either over a 506 departure time period or an arrival time period where all vehicles departed or arrived during the 507 period respectively are summarised. In DRACULA the departure time aggregated supply mea-508 sures are recorded. 509 5. Implementation
510
DRACULA has been developed as a flexible framework through modular implementation of 511 its sub-models. We described in Sections 3 and 4 the most general formulation of the demand and 512 supply models. At its most detailed level, DRACULA represents individual driversÕ day-to-day 513 choice making processes and individual vehiclesÕ movements through a network; this version of 514 the model is hereafter called the full model.
515
In practice, however, it may be desirable to run the model with a number of simplifications. 516 Thus, the traffic supply model may be based on a more conventional static network model with 517 macroscopic flow-delay functions but with variable parameters such as link capacity, while the 518 demand model is based on the full evolution of driver choices from day-to-day. An application 519 of the latter approach is described in Section 6.2. 520
Similarly the demand route choice can be derived from a static equilibrium assignment, but ap-521 plied to the vehicle-by-vehicle simulation. We have developed a link with an existing equilibrium 522 model SATURN (van Vliet, 1982) in that the SATURN network data can be used by DRA-523 CULA and the equilibrium route assignment and link costs from SATURN can be used as the 524 initial histories of the drivers simulated by DRACULA. The microsimulation models require , with 527 some extra data related to the geometry and size of intersections for example. The links with exist-528 ing models is very useful for microsimulation models, in that it helps bring microsimulation mod-529 elling to the traditional network modellers with relative ease. The development, testing and 530 application of microsimulation models can also benefit greatly from the large data bank of exist-531 ing modelled networks. 532
The flexibility of the framework ensures that, while keeping its novel aspects in one way or the 533 other, DRACULA can be integrated to a greater or a lesser extent into existing models. Current 534 data bases will almost certainly provide the best starting points for new models. 535
The computer implementation of the model framework imposes no limitation on the size of the 536 network or the demand level. The processing speed does not appear to be affected significantly by 537 the size of a network, but decreases with the number of vehicles in the network increases. The pro-538 cessing speed improves significantly if the graphical animation of the simulation is switched off. 539 Fig. 2 illustrates the simulation processing speed (measured as the ratio of the time simulated 540 to CPU time), without animation, as a function of traffic density in a network using a Pentium 541 II-300 PC. The network is the north Leeds network described in Section 6.5. It can be seen that 542 the processing speed decreases exponentially as flow density increases. Even at the full demand 543 (23,000 vehicles/hour) the simulation ran 20 times faster than real time. This shows therefore that 544 this modelling framework is computationally feasible as a method for providing a fully internally 545 consistent, microscopic model of both demand and supply dynamics. 
U N C O R R E C T E D P R O O F
552 sounder microscopic models could be used to test certain key assumptions of macroscopic models, 553 and to suggest alternative methods (possibly empirical modifications) which might improve con-554 ventional techniques. 555
It is in the general area of testing real-time policies that we feel the use of microscopic models to 556 be essential. For example it is an ideal environment for a detailed simulation of responsive signal 557 control systems (such as SCOOT), including the potential effects on driver re-routing. Similarly it 558 can be used to model congestion pricing schemes such as those proposed by Oldridge (1990) where 559 the charge-if any-is determined by the precise space-time trajectory of individual vehicles. In 560 addition disaggregate demand models, in which each individualÕs propensity to pay for travel 561 may be represented, offer a sounder behavioural basis than aggregate models. 562
A key feature of the model is its ability to consider multiple classes of users, which may differ in 563 one or more of the following characteristics: 564 (a) informed or non-informed, and the nature of information available; 565 (b) speed-control equipped or not; 566 (c) behavioural response rules; 567 (d) traffic performance characteristics (length, acceleration, deceleration, risk); 568 (e) vehicle types which determine their access to physical facilities (such as bus lanes, HOV lanes and guideways for guided buses). 570 571
Finally, it offers an opportunity to measure variability within a modelling framework. Variabil-572 ity in journey time reliability is an issue which is probably felt to be crucial by most commuters 573 but generally disregarded by most models. 574
Next we present some results from applications of DRACULA in studying the variability effect, 575 in modelling dynamic systems on driversÕ route choices and system performances, and in scheme 576 evaluation. The results and discussion are primarily intended to illustrate the applicability of the 577 DRACULA approach, and to show that the model responds logically to changes in model 578 parameters. 579 6.2. Day-to-day variability (simplified model)
580
In this section, as a precursor to the main model results, we report the qualitative findings of 581 applying a simplified DRACULA model, in order to indicate the sensitivity of the model predic-582 tions to day-to-day demand and supply variability. A highly simplified traffic model is used, with a 583 static flow-delay relationship for each link and no junction-based delay. In particular, below 584 capacity travel time is assumed to increase with flow according to a power-law, with delays 585 increasing linearly above capacity according to deterministic queuing theory. 586
On the demand side, the full evolution of driver choices from day-to-day (as described in Sec-587 tion 3) is modelled. On the supply side, link capacities vary randomly (according to a uniform dis-588 tribution) from day-to-day to simulate crudely the effect of parking, accidents, etc. 589
Preliminary tests with the above model have been performed on a number of networks, ranging 590 from small artificial ones to a real-life network containing some 440 links and 20,000 individual 591 trips on average per day. Because neither the method of generating the variability, nor the actual 592 levels of variability assumed, were calibrated from real-life data, the work was considered to be (Fig. 7) . 670 671
The better travel performances produced by the responsive signals have also played an impor-672 tant role in driversÕ route choice. Changes in signals were seen to attract drivers to the more direct 673 routes. With the responsive plans all drivers were assigned to the two minimum distance routes by 674 the end of 100 days, whereas with the fixed signal all four routes were used. 675 6.5. Scheme evaluation
676
In this example, we apply the full DRACULA model to a large, real-life network to examine 677 the short-term effect of a demand-management measure on driversÕ route choice and network per-678 formance. The network covers a triangular area in the north of Leeds between the outer ring road 679 and the city centre (see Fig. 8 ). There are some 200 intersections, 400 links and 23,000 car trips per 680 hour in the morning peak period. The radial routes carrying most of the traffic to the city centre in 681 the morning are Kirkstall Road on the east, Meanwood Road on the west, and Otley Road and 682 Spen Lane in the middle. The proposed scheme introduces bus-only lanes on Otley Road inbound from the ring road to 684 Shaw Lane (shown as zigzag links in Fig. 8 ). The road space available to general traffic is hence 685 reduced from two lanes to one. The remaining lane is further narrowed to reduce the free-flow 686 speed. The full DRACULA model is used to compare the route switching and travel time changes 
